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Dual-decoder transformer for inverse design of optical multilayer

films

Hua Wu?, Shuhao Yuan?, Bingcheng Lit, Jia Peng?, Haizheng Zhong? and Yongyou Zhang*

Abstract: Optical multilayer films (OMFs) are essential for modern photonics, yet their inverse design faces scalability
and interpretability challenges due to high-dimensional parameters. Conventional optimization struggles with
complexity, while existing machine-learning methods suffer from combinatorial explosion when jointly encoding
materials and thicknesses. We present OptoFormer, a transformer network that addresses these issues via a dual-
decoder design: one predicts material sequences and the other predicts thickness ones. Additionally, a material-
compatible dictionary is introduced to ensures physical feasibility of the predicted OMFs. The model achieves high
spectral prediction accuracy and autonomously learns physical correlations like structural inverse symmetry without
explicit constraints. In simulation, we demonstrate a 36-layer omnidirectional reflector, high-Q optical cavities, and a
hyperspectral light-coding array. OptoFormer provides a scalable and data-driven framework for the on-demand

inverse design of advanced photonic devices.
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1 Introduction

Optical multilayer films (OMFs) are foundational to optical
engineering, enabling critical components ranging from
narrow-band filters to high-Q cavities'?. Configuring OMFs
for specific spectral responses is a classic inverse problem,
requiring the precise optimization of both material
sequences and thickness ones**. However, as modern appli-
cations demand increasingly complex OMFs with dozens of
layers, the resulting high-dimensional parameter space
presents scalability challenges®”. This complexity mirrors
challenges in broader frontier fields like metamaterials® 2.
Conventional design methods for OMFs, rooted in iterative
optimization, often falter in this regime?*'?2. While global
optimization techniques like genetic algorithms® and parti-
cle swarm optimization** work well in low-dimensional
spaces, their computational cost becomes prohibitive for
multi-layer structures, where they frequently converge to
local optima?.

Machine learning (ML) has emerged as a transformative
paradigm for photonic inverse design, leveraging generative
models**?® and reinforcement learning to capture complex
structure-property correlations® . These data-driven fram-
eworks have been widely validated across diverse nanopho-
tonic applications, spanning metasurface absorbers®-3,
structural color generation®, grating couplers®, and topo-
logical photonics'>!®, effectively bridging the gap between
structural design parameters and optical responses* . For
example, the neutron framework has been developed to real-
ize material-aware photonic design®, while proximal policy
optimization has been adopted to advance automated opti-
cal inverse design®**!. In parallel, reinforcement learning
schemes such as deep Q-learning have been successfully
employed to optimize the performance of optical coatings™.
Despite the remarkable successes of these approaches,
addressing the coupled discrete/continuous nature of OMFs
with dynamically variable layer numbers remains a critical
open challenge. Recently, the sequence-based foundational
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model OptoGPT* introduced a new language-inspired
paradigm to tackle this challenge. However, it has a natural
constraint in jointly encoding material-thickness composite
tokens, since this encoding strategy implies a rapid growth
of dictionary size when scaling to complex structures.

To address this specific scalability issue, we present Opto-
Former, a transformer architecture that extends the sequen-
ce-based approach via a dual-decoder design that decouples
the prediction of materials and thicknesses. One decoder
exclusively predicts materials, while the other predicts thick-
nesses, and the two decoders execute their prediction tasks
in an alternating manner. This decoupling enables Opto-
Former to efficiently explore an expansive design space
(~ 10"") spanning OMFs with up to 36 layers. Furthermore,
a material-compatible dictionary is integrated into the
decoding process to ensure the physical feasibility of the
predicted structures. Simulation results demonstrate that
OptoFormer maintains high spectral accuracy (R* > 0.8 for
over 80% of samples up to Ny, = 30) while autonomously
discovering physical correlations, such as structural inverse
symmetry. We demonstrate its capability by generating a
36-layer omnidirectional reflector, ultra-high-Q optical cavi-
ties (Q ~ 1.2 x 10°), and hyperspectral coding arrays in a
one-shot inference mode. These results position Opto-
Former as a robust platform for data-driven design, offering
a scalable solution to the challenges of high-dimensional
OMF exploration.

2 Methods
2.1 Structure serialization

OMFs are characterized by material and thickness sequences
(see Fig. 1(a)), mathematically defined as

M = [M17M27 . aMNLaye,] 7h = I:hla hZa

where M, and h, denote the material and thickness value of
the n-th layer, respectively. Unlike OptGPT, which serial-
izes OMF structures using "material-thickness" token pairs,
our approach encodes an N, -layer film into two independ-
ent sequences of material and thickness tokens. Each seq-
uence contains Ny, + 2 tokens, including start (0) and end
(Nyateria +1  for materials, Nppiness =1 for thicknesses)
markers, to standardize predictions across diverse structures.

The simulation setup involves 8 materials (Nygerial = 8:
Al, O, CaF,, HfO,, MgF,, MgO, SiO,, TiO,, ZrO,) and 81
thickness values (Npycmess = 81: 20-420 nm in 5-nm incre-
ments). Material (thickness) indices span from 1 to Nygeria
(1 t0 Nihickness)> With start and end markers assigned as 0 and
Nuateriat +1 (0 and Niyiamess + 1), respectively. Tokenization
of materials and thicknesses implies the OMF design is a
classification task rather than a regression one. Trans-
former-based architectures excel in classification tasks, mak-
ing this tokenization strategy well-suited for our model. The
wavelength dependences of the refractive indices for all used
materials are provided in Section 1 of the supplementary
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Fig. 1 | | Schematic of OptoFormer for designing OMFs. (a) Diagram of an OMF structure deposited on a customizable substrate (e.g., air, glass, et al.) and
its potential applications. (b) Architecture of OptoFomer, comprising an encoder, material-compatible decoder, and thickness decoder. The encoder takes
vertically concatenated TE and TM transmission spectra as input. The material decoder inputs the right-shifted sequence of previous material-thickness
pairs (indices 0 to Ni.e — 1) to predict the material sequence. In contrast, the thickness decoder inputs the unshifted material sequence (indices 1 to
NLayer) combined with the right-shifted thickness sequence. This asymmetric input configuration allows the thickness decoder to condition on the current
material token M, to predict the corresponding thickness h,, enforcing the M, — h, dependency.
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information (SI). With Ni,. spanning from 2 to 36, the
structure space expands to (8 x 81)* ~ 10", showcasing the
vast design landscape that OptoFormer aims to explore
under predefined spectral constraints.

2.2 Condition encoder

Unlike language models that take text as input, OptoFormer
utilizes optical spectra as input. Since the material dictio-
nary excludes absorptive materials, OptoFormer focuses on
transmission spectra and does not consider reflection spec-
tra. Additionally, OptoFormer can be directly extended to
scenarios involving absorptive materials without architec-
tural modifications, i.e., simply by integrating absorption or
reflection spectra into the input spectra.

The input spectra in Fig. 1(b) are derived from material-
compatible OMFs. The compatibility of the eight candidate
materials is summarized in Table 1. A checkmark denotes
experimentally validated compatibility between a given pair
of materials, whereas a cross indicates the lack of confirmed
compatibility. To facilitate subsequent coding implementa-
tions, the material compatibility is also organized into a
dictionary, with material indices designated as keys and the
corresponding indices of compatible materials assigned as
values. The input spectra vertically concatenate the TE and
TM transmission spectra, where the vertical axis represents
wavelength and the horizontal axis represents incident
angle. The wavelength ranges from 380 nm to 760 nm at 1
nm intervals, while the incident angle spans 0° to 80° at 2°
intervals. Each input token vector incorporates both TE and
TM transmission spectra, with the token length of the inci-
dent angles being 41 in this work. After applying positional
encoding to the input spectra, the linear transformation
layer (spectral embedding) serves as a critical bridge by
projecting the position-integrated spectral data into the
feature dimension space required by the Transformer model
(dmodat)- Subsequently, the encoder processes the spectral
embeddings through a stack of multi-head self-attention
blocks interleaved with feed-forward networks, generating

contextualized codings that capture both local and global
spectral dependencies. Collectively, the encoder projects the
polarized angle-dependent transmission spectra into a latent
space. These contextualized codings are then fed into the
material decoder to predict materials and into the thickness
decoder to predict thickness values (see Fig.1(b)).

2.3 Dual decoders

The primary objective of OMF prediction is to infer the
material and thickness values of individual layers from their
spectral reflection/transmission spectra. A critical challenge
in current ML-based approaches lies in their inability to
handle OMFs with variable layer counts Ni.., such as
three-layer structural color films or six-layer solar metama-
terial absorbers®. To address this limitation, the OptoGPT
framework was introduced recently, leveraging large
language model architectures for OMF inverse design’.
OptoGPT encodes OMF structures into sequences of "mate-
rial-thickness" pair tokens, transforming the inverse design
task into discrete prediction of token indices. This serializa-
tion scheme enables generalization across OMFs with
heterogeneous layer counts and material combinations.
However, as mentioned above, the merged dictionary size
scales multiplicatively with the cardinality of material and
thickness sub-dictionaries. For example, if independent
material and thickness dictionaries contain 10 and 100
entries, their Cartesian product yields a 1000-element "mate-
rial-thickness" dictionary. To circumvent this combinatorial
explosion, OptoFormer decouples the prediction task into
two independent latent spaces. This decoupling introduces
the primary computational overhead compared to single-
decoder models such as OptoGPT, as OptoFormer inher-
ently involves two distinct decoding steps.

Material and thickness embeddings are fused into a unifi-
ed feature vector, and the two decoders execute their predic-
tion tasks in an alternating manner, as illustrated in Fig. 2(a).
This alternating strategy leads to a key difference in merg-
ing embeddings for two decoders. Specifically, the material
decoder applies synchronized right-shifting to both material

Table 1 | Compatibility of the eight candidate materials. A checkmark (V) signifies experimentally validated compatibility between a given pair of materi-
als, whereas a cross (%) indicates the lack of confirmed compatibility. The diagonal symbol “~” refers to the same material. The material compatibility
is also organized into a dictionary structure, with material indices designated as keys and the corresponding indices of compatible materials assigned

as values.
1: Al, 03 2: CaF, 3: HfO, 4: MgF» 5: MgO 6: Si02 7:TiOy 8:7r0; Material-compatible dictionary
1: Al, 03 = X X V3 Vo Ve & Ve ={1:1[4,56,7,8]
2: CaF, = X v voE v Ve X 2':14,5,6,7]
3: HfO, — Ve X v vE X 3":14,6,7]
4: MgF2 = X Ve Ve Vee ‘4:11,2,3,6,7,8]
5: MgO = Vo7 X V56 5" (1,2, 6,8]
6:Si02 = VER Ve ‘6':11,2,3,4,5,7, 8]
7:TiO5 = W 7':[1,2,3,4,6,8]
8:7r0» = ‘8':11,4,5,6,71}
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and thickness token sequences (indices 0 to n — 1) to predict
the next material M,. In contrast, the thickness decoder
inputs the unshifted material sequence (indices 1 to n)
combined with the right-shifted thickness sequence (indices
0 to n — 1). This asymmetric configuration allows the thick-
ness decoder to condition on the current material token M,
to predict the corresponding thickness h,, enforcing the
physical dependency between the chosen material and its
layer thickness (see Fig. 2(a)). Note that when the material
decoder outputs the end token for the material sequence,
both the material and thickness decoders cease their predic-
tions simultaneously. Such a mechanism ensures that the
material and thickness sequences are of identical length.
This alternating prediction embodies physical intuition:
materials, distinguished by their wavelength-dependent
dielectric constants, are inherently more classifiable than
thicknesses, especially when thickness intervals are small.
Moreover, each material inherently requires a correspond-
ing thickness value, reflecting the deterministic relationship
between materials and thicknesses in OMFs. In addition, the
material-compatible dictionary in Table 1 is integrated into
the material decoder by only considering compatible
predicted materials and scoring these compatible ones to
ensure the practice of the predicted OMF structures. Opto-
Former’s architecture is provided in Section 2 of the SI.

To train OptoFormer, we generate transmission spectra
for OMF structures with layer counts Ny, ranging from 2
to 36. Spectral generation is implemented via a stochastic
sampling strategy to cover the expansive OMF design space,
see details provided in Section 3 of the SI. The transmission
spectra are calculated using the transfer matrix method
(TMM) in all simulations. Without loss of generality, air was
adopted as the substrate for all generated samples in this
work to demonstrate OptoFormer’s performance. Note that
the OptoFormer framework is substrate-agnostic and can be
readily applied to arbitrary substrate materials (e.g., glass,
silicon) by simply adjusting the boundary conditions in

TMM calculations, with no architectural modifications
required for the model itself.

3 Results
3.1 Tokens visualization

To characterize the performance of the trained OptoFormer,
we utilize t-distributed stochastic neighbor embedding (t-
SNE) and uniform manifold approximation and projection
(UMAP) to visualize the latent embeddings of material and
thickness tokens. These high-dimensional embeddings are
projected into two-dimensional space for visualization, as
shown in Fig. 2(b).

Material tokens exhibit clear separation with distinguish-
able inter-token distances, as illustrated in the left-column
panels of Fig. 2(b). The inter-token distances are consistent
with physical intuition: materials with similar refractive
indices tend to cluster closely together (e.g., MgF, and SiO,
form one cluster, while TiO, and ZrO, form another). This
behavior also holds for thickness tokens, as shown in the
middle-column panels of Fig. 2(b), where thickness tokens
display a manifold structure that follows the monotonic
increase of thickness values. When the embeddings of mate-
rial and thickness tokens are combined into composite
(M,,, h,) embeddings, tokens corresponding to the same
material form compact and concentrated clusters, as
depicted in the right-column panels of Fig. 2(b). This obser-
vation is in contrast to the linear distribution observed in
OptoGPT*. Accordingly, OptoFormer can not only learn the
intrinsic physical representations of OMFs but also achieve
more effective separation among all tokens.

3.2 OptoFormer’s performance

To evaluate OptoFormer’s performance, we assess its accuracy
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Fig. 2 | (a) Dual-decoder inference process. At step n, the material decoder first predicts the material token M, . This token is immediately checked against
the End-of-Sequence (EOS) marker. If the token is valid, M, serves as a conditional input to the thickness decoder for predicting the corresponding thick-
ness h,. The generated pair (M,, h,) is then fed into the sequence history for the next iteration. (b). Visualization of the learned latent embeddings using t-
SNE (top row) and UMAP (bottom row). Panels from left to right correspond to material (M,,), thickness (h,), and their combined (M,,, h,) tokens. The
colors in the right-column panels denote the same materials as in the left-column panels.
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in predicting OMFs with layer numbers Ni,., ranging from
2 to 36. The evaluation process is as follows. i) For each
Niayer> generating 10,000 OMF test samples (targeted struc-
tures) and corresponding transmission spectra (targeted
spectra); ii) Feeding these targeted spectra into OptoFormer
to predict the OMF structures (predicted structures); iii)
Calculating the transmission spectra of these predicted
structures (predicted spectra) by transfer matrix theory; iv)
Calculating the coefficient of determination (R*) between
the targeted spectra and the predicted ones. The perfor-
mance metric is defined as the proportion of samples with
R* > y, where y is a predefined threshold (e.g., 0.9). This
proportion is plotted as a function of Ny, in Fig. 3(a) for
four cases with y = 0.8, 0.85, 0.90, and 0.95.

The proportion of high-R* samples decreases as Ny
increases. For all four thresholds, the proportion of quali-
fied samples approaches 100% when N, S 10. Specifically,
when  Nigye <20, 90% of samples exhibit R* > 0.95,
demonstrating the model’s strong predictive accuracy for
moderately deep structures. As Ni,., increases to 30, about
80% of samples maintain R* > 0.8, and this proportion
further declines to approximately 35% for Ni... = 36. This
degradation is attributed to the exponentially increasing
prediction complexity arising from the combinatorial explo-
sion of the structure space (up to 10" for 36 layers), which
challenges the model’s ability to capture long-range struc-
tural dependencies. Statistical errors, represented by the
background shadows in Fig. 3(a), remain below ~3.1% for
Niyer S 25 and reach a maximum of ~6.2% at Ny, = 32,
indicating consistent performance within the model’s opti-
mal layer range. As a result, OptoFormer delivers robust
prediction accuracy (R* > 0.8 for over 80% of samples)
when Ni,.. < 30, making it a viable solution for practical
OMF inverse design tasks within this regime. If one wishes
to enable OptoFormer to reliably cover OMFs with more
than 30 layers, scaling up the model architecture would be a

viable solution.

A large R? value indicates a small mean absolute error
(MAE) between the predicted and target spectra. Specifi-
cally, the MAE values increase with an increase in Ni,.
which is an expected trend for the prediction of multilayer
structures. When considering all tested OMFs with
Niyer < 20, OptoFormer achieves a slightly lower MAE
(0.0255) compared to OptoGPT (0.0258)*. For high-quality
predictions (i.e., those with R* > 0.8), the MAE of Opto-
Former is further reduced to 0.0165. More detailed analyses
about the MAE are provided in Section 4 of the SI.

Figure 3(b,c) present three representative cases to illus-
trate the prediction performance of OptoFormer. Specifi-
cally, Fig. 3(b) compares the targeted and predicted trans-
mission spectra, while Fig. 3(c) shows the corresponding
OMEF structures as ordered material sequences, with thick-
ness values enclosed in parentheses. All predicted OMF
structures exhibit material compatibility. For N, = 2, the
predicted spectra and structure perfectly align with the
targets, confirming the model’s capability to learn the spec-
trum-to-structure mapping. For N = 12, although the
predicted spectra align well with the targets, the predicted
structure is inversely ordered relative to the target. This
observation indicates that OptoFormer has learned to lever-
age structural inverse symmetry. Significantly, this symme-
try was not explicitly encoded during training, implying the
model infers fundamental physics-driven correlations
between spectral signatures and structural configurations.
For such cases, the predicted OMFs are structurally identi-
cal to the target ones, leading to perfect matching between
the predicted and target spectra.

For Nie = 24, the predicted structure remains inversely
ordered relative to the target, except for slight deviations in
the thickness values of the layers highlighted in magenta and
blue in Fig. 3(c). Despite this, the primary features of the
predicted spectra still match those of the targeted spectra

a b
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Fig. 3 | Performance of OptoFormer. (a) Proportions of OMF samples with R*>x (x = 0.8, 0.85, 0.90, and 0.95) as a function of Niayer. (b) Targeted and
predicted transmission spectra for three representative cases. (c) Corresponding targeted and predicted OMF structures for the cases in (b), with thickness

values (in nm) in parentheses.

24

Ti0,(375)Hf0,(350)MgF,(145)A1,05(110)MgF,(205)Zr0,(215)
Al;05(25)Ti0,(95)Al,05(400) TiO,(110)Zr0,(305)MgF4(285)
Ti0,(300)MgF(255)Zr0,(25)Ti0,(350)2r0,(340)MgF4(390)
7r0,(275)Ti0A(400)A1,05(190)Zr0,(95)MgF(160)Al,05(300)

Al;05(300)MgF(160)Zr0,(95)Al,05(190)TiO(400)Zr0,(275)
MgF2(390)Zr0,(340)Ti0,(350)Zr0,(25)MgF,(255)TiO,(300)
MgF2(285)Zr0,(305)TiO,(110)Al,05(400)TiO,(95)Al,05(25)
7r0,(215)MgF5(205)Al,05(115)MgF4(140)HfO,(350) TiO(375)
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(Fig. 3(b)); however, the minor thickness deviations induce a
small shift (several nanometers) of the peaks in the predicted
spectra relative to the target ones. To clearly demonstrate
this effect, the absolute error spectra between the predicted
and target cases are provided in Section 5 of the SI. While
the maximum absolute error reaches ~0.52, the MAE
remains as low as ~0.01. Quantitatively, the predicted thick-
ness of the Al,O; layer (highlighted in blue) is 115 nm,
slightly lower than the target value (highlighted in magenta),
whereas the predicted thickness of MgF, is 140 nm, slightly
higher than the target. This result reveals that a compensa-
tion mechanism is at play when OptoFormer predicts
OMFs. Consequently, the model tunes the overall optical
response to match the target spectra. This behavior high-
lights the model’s ability to learn implicit physical correla-
tions between structural modifications and spectral
outcomes, balancing local thickness deviations against global
optical performance.

3.3 Omnidirectional reflectors

A trained OptoFormer can predict desired OMFs from
transmission spectra. This subsection demonstrates Opto-
Former’s capabilities by using the prediction of omnidirec-
tional reflectors (ORs) in visible regime. To achieve this, the
input transmission spectra are set as a zero tensor. It is
crucial to note that randomly generated or researcher-speci-
fied transmission spectra generally lack corresponding
OMFs in physics, although each OMF has unique transmis-
sion spectra. Thus, an ideal OR in visible regime may not
exist. To address this, small random values (i.e., random

perturbations with an amplitude of 0.05) are added to the
input transmission spectra, ensuring they are not strictly
zero. Among 200 predictions, the optimal result is selected
as the final predicted structure, with performance evaluated
by the R* between the predicted transmission spectra and
the zero-value one. The OR’s transmission spectra for TE
and TM modes are shown in Fig. 4(a), and the predicted 36-
layer reflector structure, divided into seven sections for anal-
ysis, is depicted in Fig. 4(b), with thickness values in paren-
theses. OptoFormer employs merely two materials: CaF,,
which exhibits the second-lowest refractive index in the
material dictionary, and TiO,, which boasts the highest
value. This selection indicates that the model inherently
prioritizes materials with large refractive index contrasts.
Note that CaF, is compatible with TiO,.

The first six layers form a distributed Bragg reflector
(DBR) with only one thickness deviation: the fifth-layer
CaF, is 95 nm instead of 100 nm (line I in Fig. 4(b)). This
aligns with the physical intuition that DBR structures are
favored for omnidirectional reflection. Using the average
refractive indices of CaF, (ncs, =1.435) and TiO,
(110, = 2.981) in visible regime, the reflection center wave-
length of the DBR is approximately 2 x (100 x 1.435+
45 x 2.981) & 555 nm, close to the center of the visible band
(380-760 nm). This DBR exhibits low transmission in the
green band but high transmission in the blue and red bands
(see Niuye = 6 spectra in Fig. 4(a)). The second DBR (line II
in Fig. 4(b)) with a center wavelength of 2 x (55 x 1.435+
45 x 2.981) ~ 426 nm is used to attenuate blue-band trans-
mission (see Ny, =10 spectra in Fig. 4(a)). However, a
prominent transmission peak at ~600 nm arises from the

Reflector spectra
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Fig. 4 | Omnidirectional reflectors (ORs) predicted by OptoFormer. (a) Transmission spectra of the OR (targeted reflector spectra) and OMFs using only the
first Ni.er layers of the total 36-layer predicted structure. The Roman numerals in parentheses denote the layer sequences adopted, as listed in (b). (b)
Predicted structure of the OR: a 36-layer OMF divided into seven sections, with thickness values (in nm) shown in parentheses. (c) Variation of the mean
transmissions of the predicted OR in (b) with incident angle across the visible spectrum (380-760 nm). T represents the geometric mean transmission,
while the other three metrics correspond to three types of solar spectra (AM0, AM1.5G, AM1.5D).
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combined DBR structure. To address this, OptoFormer
increases the CaF, thickness from 55 nm to 90 nm in layers
11-13 (line IIT in Fig. 4(b)). Further thickness adjustments
in layers 14-15 result in a significantly narrow 600 nm peak
(see Niuer = 15 spectra in Fig. 4(a)).

With layers 16-22 (line IV in Fig. 4(b)), the model targets
suppression of long-wavelength transmission at large inci-
dent angles, which uses a quasi-DBR with a ~700 nm center
wavelength (see Ni.. = 22 spectra in Fig. 4(a)). Anticipat-
ing blueshift with increasing angles, CaF, thicknesses are
increased to >170 nm in layers 23-25 (line V in Fig. 4(b)),
forming a quasi-DBR with a ~740 nm center wavelength.
Given that 740 nm remains below the visible band’s upper
limit (760 nm), the model adjusts its strategy in layers 26-32
by increasing TiO, thicknesses (line VI in Fig. 4(b)). The
corresponding quasi-DBR’s center wavelength is ~760 nm,
thereby strongly suppressing long-wavelength transmission
at large angles (see Ni,.. = 32 spectra in Fig. 4(a)). Layers
33-35 (line VII in Fig. 4(b)) further enhance this suppres-
sion effect with the final quasi-DBR whose center wave-
length is ~820 nm. The Ni,. =36 spectra in Fig. 4(a)
confirm an effective OR obviously.

The predicted OR can be further evaluated by examining
the mean transmission as a function of incident angle. The
mean transmission, defined as

= 1

760
T(6) T(),6)dA,

o ﬁ 380
is plotted against the incident angle in Fig. 4(c), where
T(A,0) denotes the transmission at wavelength A and inci-
dent angle 6. The quantities Tayo, Tamn.sg> and Tayy.sp repre-
sent the mean transmissions of the AMO, AM1.5G, and
AM1.5D solar spectra through the predicted OR, respec-
tively. All four metrics in Fig. 4(c) exhibit low transmission
at small incident angles, with values increasing to only 2% at
80°. As a result, OptoFormer has successfully generated the
OR with high omnidirectional reflection performance across
the visible regime.

3.4 Optical cavities

A direct application of the predicted OR is in optical cavity
design. Here, we utilize it to demonstrate OptoFormer’s
capabilities by designing optical cavities. The preceding
analysis of OR prediction reveals that any number of preced-
ing layers among the total 36 can form a functional OR. OR
performance improves with increasing Ny (spectra in
Fig. 4(a)). Figure5 illustrates cavity structures composed
of these ORs (first row) and their corresponding normal-
incidence transmission spectra (second row). The cavity
layer is CaF,, sandwiched between two identical ORs (left
and right), as shown in the schematic diagrams of Fig. 5. The
right OR is a mirror image of the left one. Roman numerals
denote the layer sets used in the ORs, as specified in
Fig. 4(b). For brevity, these ORs are denoted as OR -

(Roman numerals).

As the cavity height h increases from 200 nm to 500 nm
in 10 nm increments, the transmission peaks exhibit the
expected redshift (Fig. 5(a)). For the cavity using OR-(I) (six
layers, line I in Fig. 4(b)), the two marked peaks have full
widths at half maximum (FWHM:s) of approximately 2.8 nm
and 10 nm, corresponding to cavity quality factors Q =~ 170
and 65, respectively. When OR-(I-III) is employed (15
layers, lines I-IIT in Fig.4(b)), the transmission peaks
become narrow significantly (Fig. 5(b)), with the minimum
FWHM among marked peaks being ~0.017 nm and the
corresponding Q ~ 2.8 x 10*. For OR-(I-V) (25 layers, lines
I-V in Fig. 4(b)), the FWHM reaches 3.9 X 10~ nm, yield-
ing Q = 1.4 x 10° (Fig. 5(c)). Using OR-(I-VII) (36 layers,
lines I-VII in Fig. 4(b)), the FWHM can be as low as
5.0 X 10~* nm, corresponding to Q & 1.2 x 10° (Fig. 5(d)).
Such a high-Q cavity demonstrates that OptoFormer
exhibits the capability to design optical structures for device
applications.

3.5 Hyperspectral imaging

The optical cavities designed above hold significant poten-
tial for applications in hyperspectral imaging, a technology
critical for resolving fine spectral details in fields ranging
from remote sensing to biomedical diagnostics. As illus-
trated in Fig. 5(e), the hyperspectral imaging scheme oper-
ates by first transmitting incident light through a coding
layer, composed of the 31 optical cavities designed in
Fig. 5(a). That is, the optical coding layer encodes the spec-
tral information into a 31-element vector. This encoded
signal is then detected by a CCD camera, serving as the low-
dimensional measurement basis for subsequent spectral
reconstruction. The underlying principle leverages com-
pressed sensing theory, where the coding array acts as
a physical realization of a measurement matrix, enabling
efficient spectral information acquisition by exploiting the
inherent sparsity of real-world spectra®®-"!. Conventional
spectral reconstruction methods, including least squares,
ridge regression, Lasso regression, compressed sensing
reconstruction, and sparse dictionary learning, rely on linear
or weakly nonlinear models to invert the coding process.
While these techniques excel in noise-free or moderately
sparse scenarios, they often falter when faced with high-
frequency noise or complex spectral structures (e.g., overlap-
ping absorption bands or non-Gaussian line shapes). Such
limitations arise from their reliance on handcrafted feat-
ures or restrictive sparsity assumptions. Accordingly, the
ML-based reconstruction framework depicted in Fig. 5(f),
featuring a fully-connected layer (FCL) encoder-decoder
pair, is designed to learn end-to-end mapping between inci-
dent-light spectra and their coded measurements. The archi-
tecture is provided in Section 6 of the SI.

To assess the framework’s performance, we generated
a diverse dataset of synthetic spectral samples, each
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Fig. 5 | Optical cavities and their potential application in hyperspectral imaging. (a-d) Optical cavity designs and their normal-incidence transmission spec-

tra, with the cavity layer (CaF;) thickness k varying from 200 nm to 500 nm in 10 nm increments. The ORs on both sides of the cavities, composed of the
OMF sequences detailed in Fig. 4(b), exhibit mirror symmetry. (e) Hyperspectral imaging schematic. The incident light is first transmitted through a coding
array and then detected by a CCD camera. Using the detected data, the spectrum of the incident light can be reconstructed. The coding array shown here
is composed of 31 optical cavities as designed in (a). (f) Spectral reconstruction neural network framework applied in (e). The incident-light spectra (from
380 nm to 760 nm at 1 nm interval) are fed into a fully-connected-layer (FCL) encoder to predict the detected data (31 components), and the FCL decoder

uses the detected data to reconstruct the incident-light spectra. (g) Comparison between reconstructed spectra (lines) and source spectra (dots) for single-

peak (upper panel) and multi-peak (lower panel) spectra.

contaminated with 4% additive white Gaussian noise. The
samples consist of 1-3 Gaussian spectral components with
full-width at half-maximum bandwidths ranging from 5 nm
to 20 nm, emulating typical sparsely structured spectral
features in hyperspectral imaging. This design ensures the
dataset captures both simple (single-peak) and complex
(multi-peak, overlapping) spectral scenarios, rigorously test-
ing the model’s generalization capability across diverse
signal topologies. As illustrated in Fig. 5(g), the reconstruc-
tion results exhibit high-fidelity spectral recovery for both
single-peak (upper panel) and multi-peak (lower panel)
configurations. The solid lines (reconstructed spectra) show
close alignment with the circular dots (incident spectra with
4% white noise). Due to the inherently higher sparsity of
single-peak spectra, their spectral overlap with recon-
structed counterparts achieves remarkable accuracy. While
multi-peak spectra pose greater reconstruction challenges
due to spectral complexity and potential interference, the
model also effectively captures their dominant features, as
evident in the lower panel of Fig. 5(g). The high reconstruc-
tion fidelity indicates that the model efficiently suppresses
measurement noise, showcasing the effectiveness of Opto-
Former in designing optical devices.

To further verify the model’s generalization capability

across diverse spectral regimes beyond the resonant struc-
tures presented here, we also provide design examples for
broadband anti-reflection coatings, sharp edge filters, and
narrowband transmission filters in Section 7 of the SI

4 Discussion and conclusion

OptoFormer demonstrates high performance in predicting
OMFs with up to 36 layers, showcasing its applicability to
complex photonic structures such as omnidirectional reflec-
tors and high-Q optical cavities. OptoFormer’s decoding
strategy effectively addresses the combinatorial explosion
issue in prior ML approaches, making it scalable to large
structure spaces (~ 10") while maintaining prediction
accuracy. While OptoFormer learns thickness distributions,
predicting consecutive thickness values with high precision
remains challenging, as evidenced by the compensatory
thickness adjustments in prediction process. This limitation
can be mitigated by incorporating hierarchical attention
mechanisms to enhance long-term correlation, increasing
the sample ratio for extremely deep OMFs, or enlarging
OptoFormer’s architecture. Additionally, the OptoFormer’s
architecture is extendable to include reflection/absorption
data, though its reliance on transmission spectra in our
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simulations (excluding absorption) limits its applicability to
lossy materials. As demonstrated in’, task-specific condi-
tions can also be incorporated into the inference procedure
to enable conditional generation of OMFs.

To summarize, we present OptoFormer, a transformer-
based architecture for the inverse design of optical multi-
layer films. By decoupling material and thickness predic-
tions, the model overcomes the combinatorial complexity of
prior methods, enabling efficient exploration of OMFs with
up to 36 layers. Material compatibility is integrated into
training data generation and material decoder to guarantee
the practical application of the predicted structures. Simula-
tion results demonstrate high prediction accuracy and the
ability to infer physical correlations (e.g., structural inverse
symmetry) without explicit physical constraints. As proof-
of-concept, we design a 36-layer omnidirectional reflector
with mean transmission < 2% across the visible regime, an
optical cavity with quality factors reaching 1.2 x 10°, and a
light-coding array in hyperspectral imaging. They highlight
OptoFormer’s potential as a transformative tool for generat-
ing high-fidelity photonic devices directly from spectral
targets, providing high-fidelity OMF designs that are ready
for fabrication within the tolerance range of lithography
processes.
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